C
rop N management is vital to sustaining high crop yields, reducing costs, and maintaining water quality. Nondestructive measurements of crop N status are important for managing in-season fertilization rates (Scharf et al., 2011) . Chlorophyll content is highly related to plant N status because a large fraction of leaf N is used for photosynthetic enzymes (Islam et al., 2007; Shukla et al., 2004; Singh et al., 2007) . Measuring or estimating leaf chlorophyll content is the basis for many nondestructive techniques, including chlorophyll meters and remote sensing (Daughtry et al., 2000; Hatfi eld et al., 2008; Hunt and Daughtry, 2014) . Methods that are low cost and easy to use may allow individuals, small operations, and other stakeholders to benefi t by managing fertilizer rates to enhance nutrient effi ciency and environmental quality Tilman et al., 2002) .
A leaf color chart (LCC) is used to estimate levels of leaf greenness using a series of four to eight panels with colors ranging from yellow-green to dark green (Balasubramanian et al., (L*, a*, and b*) of the CIELAB color space system (Brainard and Stockman, 2009) were calculated and used to construct the color panels. Thus, the LCC panels were designed to have virtually the same visual appearance as observed for leaves with a large range of leaf N contents (Mutters and Eckert, 2004; Witt et al., 2005) .
Visual assessments are subjective and may not be reproducible by other observers (Haripriya Anand and Byju, 2008) . Although the human eye is sensitive to slight changes of green in leaves (Stockman and Sharpe, 2000) , it is very difficult to identify levels of color on a consistent basis without some sort of aid (Singh et al., 2002) . The subjectivity of LCCs led to the conclusion that the resulting values are not accurate compared with other methods (Saberioon et al., 2014) . However, there are several steps in the relationship between leaf greenness and N content that affect accuracy, so inaccuracies in N status may not be the result of leaf color observations. The spectral characteristics of the chlorophyll pigments give leaves their green color, so LCC accuracy needs to be evaluated on the basis of estimating leaf chlorophyll content. Many studies have found that the LCC was comparable to chlorophyll meters for estimating leaf N status (Balasubramanian et al., 1998; Singh et al., 2002 Singh et al., , 2010 Yang et al., 2003; Byju and Haripriya Anand, 2009; Islam et al., 2009) .
Videography and photography have become widespread for low-cost analysis of green leaf color (Spomer et al., 1988; Kawashima and Nakatani, 1998; Adamsen et al., 1999; Scharf and Lory, 2002; Karcher and Richardson, 2003; Dani et al., 2005; Rorie et al., 2011a Rorie et al., , 2011b . Our hypothesis was that digital color photographs of leaves with the LCC could provide an objective, reproducible, and potentially automated method for determining LCC values in maize. The objective of the study was to compare LCC values and digital photographs with other estimates of N status: chlorophyll meters, spectral reflectances, and leaf chlorophyll extractions. Furthermore, comparisons were made using the photographic file format from the Joint Photographic Experts Group (JPEG) and uncorrected images in a camera-model-specific file format (raw). There are several methods for image comparisons; two spectral indices and two supervised classification algorithms were tested to identify promising methods for determining LCC values from digital photographs.
MATERIALS AND METHODS

Leaf Data Collection
Dekalb DKC57-67 maize leaves were collected from an ongoing fertilization experiment at the USDA-ARS Beltsville Agricultural Research Center in Beltsville, MD (39°1¢47.02² N, 76°50¢44.21² W). There were 12 plots with four levels of N fertilizer (0, 70, 140, and 280 kg ha -1 ) in a randomized block design, with half of each plot receiving irrigation as needed to prevent water stress. Annual precipitation was 78.3 cm, with 18.9 cm from 1 June to 10 Aug. 2012. The soil was a coarse-loamy, siliceous, mesic Typic Hapludult. Five leaves from each plot were obtained from the irrigated areas on 19 July 2012, and to expand the range of leaf chlorophyll content, five dark-green and seven yellow-green leaves were collected from outside of the fertilization experiment. The maize growth stage (Abendroth et al., 2011) was V12. Four leaves from each plot were collected on 9 Aug. 2012 from the irrigated areas along with four yellow-green leaves from outside the experiment. At this time, the maize growth stage was R2 to R3. The large V12 leaves were chosen, trimmed with scissors to obtain a section in the middle of the leaf, immediately inserted into zippered plastic bags, and placed in a cooler for transport back to the laboratory. Changes in leaf reflectance occurring between cutting of the leaves and laboratory measurements were probably small because of the short time interval (Foley et al., 2006; Hunt et al., 2011) .
The midsection of each leaf was compared with the LCC panels ( Fig. 1) , and the number representing the color panel most closely matching the section of corn leaf was recorded. Usually, there was not an exact match to a specific LCC panel; these leaves were ranked to have a value less than a more-green panel and greater than a more-yellow panel. For example, if a leaf did not match the fourth panel but was a darker green than the third panel and was yellower than the fifth panel, it was assigned the value of 4. If any leaves were darker green than the eighth panel, the leaves were assigned a value of 9. Often, the two halves of a single leaf separated at the midrib could have been assigned to different color panels (Fig. 1) ; we randomly selected one half of the leaf and made all measurements on that half. By taking the LCC measurements indoors under fluorescent lighting, the leaf color reading would not be affected by the sun's angle and irradiance (Haripriya Anand and Byju, 2008; Singh et al., 2011) . Finally, the LCC values were determined before other leaf measurements to remove any potential for biasing the LCC panel selection.
Leaf chlorophyll content was directly measured. From the section of the leaf used for spectral measurements, a 10.1-mmdiameter disk (Fig. 1 ) was collected and placed in 3.5 mL of dimethyl sulfoxide (DMSO) to extract leaf pigments for 48 h in the dark (Hiscox and Israelstam, 1979; Barnes et al., 1992) . Transmittances of the extracts were measured with a Lambda 40 UV/VIS spectrophotometer (PerkinElmer). Concentrations of chlorophylls a and b and total carotenoids were calculated using equations from Wellburn (1994) . Leaf chlorophyll content was also measured for each leaf using a SPAD-502 chlorophyll meter (Konica-Minolta). Five measurements were made in the area surrounding where the 10.1-mm disk was removed.
Leaf spectral reflectances and transmittances were measured using a portable spectrometer (ASD FieldSpec FR Pro, Analytical Spectral Devices) and an integrating sphere (LI-1800-12, LI-COR Biosciences) near where the 10.1-mm disk was removed. Leaves in the integrating sphere were illuminated by a LiCor LI-1800-12 external light source with a 10-W halogen bulb, which had a radiant temperature of 3100K. Spectral reflectances of the eight LCC panels were also measured using the ASD spectrometer and LI-COR integrating sphere. Average reflectances were calculated for blue wavelengths using data from 0.46 to 0.48 mm, green wavelengths using data from 0.54 to 0.56 mm, and red wavelengths using data from 0.64 to 0.66 mm.
Image Analyses
A JPEG and a raw photograph were recorded for each leaf using a Canon Powershot G11 digital camera (Canon USA). JPEG images are the most widely used format worldwide, have an irreversible image compression algorithm applied, have corrections for light-source spectral quality (white balance), and have corrections for the nonlinear visual sensitivity to luminance (g). Camera settings were set to automatic, with the JPEG white balance set for fluorescent light and the exposure compensation reduced two-thirds of a stop to avoid eight-bit digital numbers (DN) close to 255. From the photograph metadata, the shutter speed was 1/30 s and the F-stop was 2.8 for both dates. The 19 July photographs had ISO values of 160, whereas the 8 August photographs had ISO values of 200. The LCC and a standard Gretag-Macbeth color chart (X-Rite) were included in each image.
Raw photographs contain the original image data without corrections or compression and usually have greater radiometric resolution with more bits per channel (Verhoeven, 2010; Sonnentag et al., 2012) . Image analysis started with UFRaw, a utility to read and manipulate raw images acquired from various digital cameras (Udi Fuchs, Version 0.19.2, http://ufraw. sourceforge.net/index.html), and each image was saved in the Tagged Image File Format (TIFF) with 16 bits per channel, no correction for white balance, and no g correction. Both the JPEG and TIFF images were analyzed using the Environment for Visualizing Images (ENVI, ExcelisVIS). The LCC panels in each photograph were used as training regions of interest, which were then used to determine the panel most similar to the leaf in the photograph.
Two supervised classification methods were selected, minimum distance and spectral angle mapper (SAM), because these methods may be used with either spectral or image data. Distance (D) was calculated as
where R, G, and B are the image DN or reflectances of the red, green, and blue bands, respectively; subscript p denotes the value for a LCC panel, while subscript m denotes the value for the maize leaf. The panel with the smallest D was selected as the best match to the leaf. Because some maize leaves were darker green than the eighth panel, if D between the leaf and eighth panel was larger than D between the seventh and eighth panels, then the predicted LCC panel was 9. Spectral image mapper assumes that reflectance spectra and camera R, G, and B are mathematical vectors, and it calculates the angle (Q) between two vectors (Kruse et al., 1993) :
where M and P are reflectances or DN of the maize leaf and LCC panel, respectively, the numerator is the dot product of M and P, and the denominator is the scalar product of normalized M and P. The LCC panel having the smallest Q with the leaf was selected as the best match. If Q between the leaf and eighth panel was >0.10 rad (about 5.7°), then 9 was selected as the predicted LCC value.
Two spectral indices were selected for analysis, the dark green color index (DGCI) and the triangular greenness index (TGI), because both indices are calculated with red, green, and blue bands (Karcher and Richardson, 2003; Rorie et al., 2011a Rorie et al., , 2011b Hunt et al., 2011 Hunt et al., , 2013 . The DGCI was calculated by first transforming R, G, and B values into hue, saturation, and brightness values: 
hue 60 DCGI 0.333 1 saturation 60 1 brightness
where the band DN were divided by 255 or 4096 for the JPEG and raw images, respectively. Hue was an angle between 0 and 360° with 0° red, 120° blue, and 240° green (Karcher and Richardson, 2003) . The LCC panel with the DGCI value closest to the leaf DGCI was selected as the best match. If the difference in DGCI between the leaf and the eighth panel was greater than the difference between the seventh and eighth panels, then 9 was selected as the predicted LCC value. The TGI (Eq.
[4]) has been suggested as a means of determining chlorophyll content for a variety of sensors, particularly digital cameras (Hunt et al., 2011 (Hunt et al., , 2013 . A triangle is formed with vertices of (0.48 mm, B), (0.55 mm, G) and (0.67 mm, R):
where 0.19 mm is the difference between 0.67 and 0.48 mm, and 0.12 mm is the difference between 0.67 and 0.55 mm (Hunt et al., 2011) . Because TGI is an area with physical units of reflectance ´ wavelength, values calculated from DN are not equal to values calculated from reflectance. The LCC panel with the closest TGI to the leaf TGI was selected as the best match. If the difference in TGI between the leaf and the eighth panel was greater than the difference between the seventh and eighth panels, then 9 was selected as the predicted LCC value. The refined index of agreement (d r ) was developed to compare model predictions with observed data by calculating differences from the expected 1:1 line (Willmott et al., 2012) . This index complements the coefficient of determination (r 2 ), which was calculated from ordinary least squares regressions. The observed LCC values were the panel numbers determined for each leaf when the leaves were first brought into the laboratory. Predicted LCC values were the panel numbers determined from the images or spectra: the smallest linear distance (Eq. 
RESULTS AND DISCUSSION
Leaf and Leaf Color Chart Spectral Analyses Spectral reflectances were qualitatively and quantitatively different between leaves and the LCC panels (Fig. 2) . The spectrum for the yellow-green LCC Panel 1 (Fig. 2a) had a maximum reflectance of 46% at about 0.55 mm, whereas chlorophyll-deficient maize leaves had a maximum reflectance of 30% at the same wavelength (Fig. 2b) . However, chlorophyll-deficient leaves had a broader response at green wavelengths (Fig. 2b) , which compensated for a lower maximum reflectance, so the colors were similar in appearance. For dark green leaves (Fig. 2a) corresponding to LCC Panels 7 or 8 (Fig. 2b) , the same qualitative differences occurred, but the quantitative differences were smaller. Therefore, leaf reflectance spectra from either measurements or simulations (for example, PROSPECT [Féret et al., 2008] ) cannot be used to calibrate LCCs directly to chlorophyll content because the LCC requires human visual interpretation.
For the maize leaves, observed LCC panel values were linearly related to leaf chlorophyll contents (Fig. 3) and to SPAD chlorophyll meter values (Fig. 4) . Even though three plots received no N fertilizer, very few plants had leaves that matched LCC Panels 1 through When SAM and TGI were calculated from average red, green, and blue reflectances, the predicted LCC panel values were linearly related with the observed LCC panel values (Fig. 5) . The regression equations for predicted vs. observed values for SAM and TGI were approximately y = 0.4x and y = 0.2 + 0.8x, respectively, with high r 2 for both regressions (Fig. 5) . However, based on the refined index of agreement (Eq. [5]), d r between observations and predictions was poor for SAM and good for TGI (Table 1) . Observations and predictions were weakly correlated using minimum distance and DGCI, and d r between predictions and observations from the spectra was close to zero (Table 1) . Thus, a strong correlation between predictions and observations is not equivalent to close agreement; d r and r 2 did complement each other for assessing the relationship between observations and predictions (Willmott et al., 2012) .
Image Analyses
Predictions based on supervised classification of leaf photographs using the minimum distance algorithm agreed well with the observations made on the same leaves (Fig. 6) . The photographic format (raw or JPEG) mattered little. The r 2 values of an ordinary least squares regression between predictions and observations were always greater than d r ( Table 1 ). In contrast, predictions using the SAM algorithm were weakly correlated with observations and had little agreement between the predictions and the observations ( Fig. 7 ; Table 1 ). Photographs in the JPEG format had higher d r than the same photographs in the raw format using both minimum distance and SAM classifications (Table 1) .
Predictions using the DGCI (Fig. 8) or TGI (Fig. 9 ) were strongly correlated with the observations made on the same leaves, and r 2 between predictions and observations ( Fig. 8 and  9 ) were greater than d r (Table 1 ). The agreements of DGCI and TGI to the 1:1 line were good, and photographs in the raw format had better agreement with the 1:1 line than did photographs in the JPEG format (Table 1) .
The general agreement between predicted and observed LCC panel values for minimum distance, DGCI, and TGI (Table  1) indicated that photographic analyses may be reproducible, objective, and potentially automated. Furthermore, predicted LCC panel values and measured leaf chlorophyll concentrations showed that visual interpretations (Fig. 3 , r 2 = 0.83) were just as accurate as photographic analyses (Table 2 ). The accuracy of Fig. 4 . Average SPAD-502 chlorophyll meter readings and the observed leaf color chart (LCC) value for each leaf in Fig. 3 . visual interpretation was probably the result of the observers having typical color vision and extensive practice. There was a higher coefficient of determination between visual interpretation based on the LCC and chlorophyll meter readings (Fig. 4 , r 2 = 0.91), which may indicate that there were errors of chlorophyll extraction or measurement. An alternative possibility is that the chlorophyll meter readings were more accurate than chlorophyll extraction because a larger region of the leaf was sampled.
Photograph Accuracies
The differences in d r for spectral indices and supervised classifications between raw and JPEG file formats may have been caused by the nonlinear g correction, where the input DN are raised to the 0.455 power to expand the range of DN at lower luminance and decrease the range of DN at higher luminance. The TGI is a linear index and the DGCI is mostly linear, so the g correction may have enhanced any disagreement between observations and predictions. Computer data storage becomes less costly each year; therefore acquiring and storing both the JPEG and raw data files for each image is feasible and would allow different algorithms to be used during image analyses.
It was surprising that the use of leaf spectral reflectances resulted in a lower d r than image analyses (Table 1) . High spectral resolution usually increases the sensitivity of remote sensing to chlorophyll absorption features (Elvidge and Chen, 1995; Thenkabail et al., 2002) . There were high r 2 values for TGI and SAM ( Fig. 5 ; Table 2 ), but application for N management would require extensive calibration. It would be easier to calibrate remote sensing to leaf chlorophyll content directly, without intermediate steps based on LCCs. However, it was not surprising that LCCs developed for rice do not have the optimal range of panel colors for maize and other crops. Leaf color charts have been assessed for cassava (Manihot esculenta Crantz; Haripriya Anand and Byju, 2008; Byju and Haripriya Anand, 2009) , wheat (Singh et al., 2002 (Singh et al., , 2012 Shukla et al., 2004) , and maize (Singh et al., 2011) , with each crop differing in the optimal range of panel colors.
Genetics ´ Environment ´ Management
Global food production must be increased to meet the world's human population growth while maintaining environmental quality and biodiversity (Mueller et al., 2012; van Ittersum et al., 2013; Phalan et al., 2014) . Increasing nutrient use efficiency and reducing the overapplication of fertilizers requires diagnostic tools ranging from low-cost, easy-to-use LCCs to advanced imaging spectrometers. However, the potential of any diagnostic tool for nutrient management is only realized when the interactions among crop genetics, environment, and management are understood (Hatfield and Walthall, 2015) .
Determining the crop fertilization rate from LCC observations requires four steps:
1. Determine the relationship between LCC panel value and leaf color. 2. Determine the relationship between leaf color and leaf chlorophyll content. 3. Determine the relationship between leaf chlorophyll content and leaf N status. 4. Determine the relationship between leaf N status and fertilization rate.
The relationship between LCC panel value and leaf color is based on subjective interpretation (Step 1), but this was not a problem, as shown by the high accuracies using photographs to predict the observed LCC. Comparisons of observed values with predicted panel values from digital photographs showed agreement using either minimum distance classification or spectral indices. The SAM classifications showed large differences between predictions and observations, but this result was an extreme outlier, so the differences were probably the result of the classification method. For people with trichromatic color vision (Stockman and Sharpe, 2000) , observed LCC values may be reliable. For the second step, there was a good linear relationship between the observed LCC value and leaf chlorophyll contents, but there was a better relationship compared with chlorophyll meter data. Some of the variation between chlorophyll meter values and chlorophyll contents comes from differences in methodology (Parry et al., 2014) , and some of the variation is from differences in leaf structure (Sims and Gamon, 2002; Hunt and Daughtry, 2014) . Various crops or cultivars have different relationships between LCC panel values and chlorophyll contents (Haripriya Anand and Byju, 2008) . From an analogy with the chlorophyll meter, it is likely that some of the differences were caused by variations in leaf structure. Leaf structure is affected by genetic ´ environment ´ management interactions, but the range of variation is relatively small.
The third and fourth steps above suggest why chlorophyll content, rather than leaf N content, should be a specific objective for practical crop monitoring. Both the relationships between chlorophyll and N content (Step 3) and the relationships between N content and fertilization rates (Step 4) have very strong genetic ´ environment ´ management interactions. There are many instruments and techniques available for estimating chlorophyll content, some appropriate for small scales (LCC and chlorophyll meters) and some appropriate for large scales (aircraft and satellite remote sensing). It will be more efficient if many different monitoring techniques lead to the same intermediate variable, leaf chlorophyll content, to reduce the amount of effort required to quantify the genetic ´environment ´ management interactions for N fertilizer management.
CONCLUSIONS
The LCC has been used for years and has been shown to be advantageous in reducing N use and increasing N efficiency, especially in southern Asia. The main problem with using LCCs for within-season crop N management is usually thought to be its subjectivity, reproducibility, and accuracy for routine monitoring. However, subjective visual observations using a LCC were not worse than objective photograph classification or spectral indices for predicting LCC panel values. The LCC panel values were reasonably correlated with leaf chlorophyll content and chlorophyll meter readings.
The current LCCs did not include panels that match the darkest green leaves of maize, which are important to indicate excessive N fertilization. At least two very-dark-green color panels are needed to capture a larger range of leaf chlorophyll contents for crops such as maize. Research is needed on the optimum panel colors and thresholds for other crops. Because LCCs are low cost and easy to use, their application to horticulture and turf management would allow small-scale operations to benefit from N management.
